Assimilation of gridded GRACE terrestrial water storage estimates in the North American Land Data Assimilation System by Kumar, S et al.
Assimilation of gridded GRACE terrestrial water storage1
estimates in the North American Land Data Assimilation System2
Sujay V. Kumar ∗
Hydrological Sciences Laboratory, NASA Goddard Space Flight Center, Greenbelt, MD
Benjamin F. Zaitchik
Department of Earth and Planetary Sciences, Johns Hopkins University, Baltimore, MD
3
Christa D. Peters-Lidard
Hydrological Sciences Laboratory, NASA Goddard Space Flight Center, Greenbelt, MD
4
Matthew Rodell
Hydrological Sciences Laboratory, NASA Goddard Space Flight Center, Greenbelt, MD
5
Rolf Reichle
Global Modeling and Assimilation Office, NASA Goddard Space Flight Center, Greenbelt, MD
6
Bailing Li
Earth System Science Interdisciplinary Center, University of Maryland, College Park, MD
Hydrological Sciences Laboratory, NASA Goddard Space Flight Center, Greenbelt, MD
7
1
Michael Jasinski
Hydrological Sciences Laboratory, NASA Goddard Space Flight Center, Greenbelt, MD
8
David Mocko
Science Applications International Corporation, Beltsville, MD
Global Modeling and Assimilation Office, NASA Goddard Space Flight Center, Greenbelt, MD
Hydrological Sciences Laboratory, NASA Goddard Space Flight Center, Greenbelt, MD
9
Augusto Getirana
Earth System Science Interdisciplinary Center, University of Maryland, College Park, MD
Hydrological Sciences Laboratory, NASA Goddard Space Flight Center, Greenbelt, MD
10
Gabrielle De Lannoy
Department of Earth and Environmental Sciences, University of Leuven, Belgium
11
Michael Cosh
USDA ARS Hydrology and Remote Sensing Laboratory, Beltsville, MD
12
Christopher R. Hain
Earth System Science Interdisciplinary Center, University of Maryland, College Park, MD
NOAA Center for Satellite Applications and Research, College Park, MD
13
Martha Anderson
USDA ARS Hydrology and Remote Sensing Laboratory, Beltsville, MD
14
2
Generated using version 3.2 of the official AMS LATEX template
Kristi R. Arsenault
Science Applications International Corporation, McLean, VA
Hydrological Sciences Laboratory, NASA Goddard Space Flight Center, Greenbelt, MD
15
Youlong Xia
IMSG at NCEP/EMC, College Park, MD
Environmental Modeling Center, National Centers for Environmental Prediction, College Park, MD
16
Michael Ek
Environmental Modeling Center, National Centers for Environmental Prediction, College Park, MD
17
∗Corresponding author address: Sujay Kumar, Hydrological Sciences Laboratory,
NASA GSFC, Code 617, Greenbelt, MD 20771
E-mail: Sujay.V.Kumar@nasa.gov
3
ABSTRACT18
The objective of the North American Land Data Assimilation System (NLDAS) is to pro-19
vide best-available estimates of near surface meteorological conditions and soil hydrological20
status for the Continental United States. The first two phases of NLDAS, however, have not21
included the assimilation of remotely sensed land surface datasets. To support the ongoing22
efforts to develop data assimilation capabilities for NLDAS, we present the results of Gravity23
Recovery and Climate Experiment (GRACE) data assimilation implemented in a manner24
consistent with NLDAS development. Following on previous work, we assimilate GRACE25
terrestrial water storage (TWS) anomaly estimates into the NASA Catchment Land Surface26
Model (LSM) using an Ensemble Smoother. In contrast to the previous GRACE Data As-27
similation (GRACE DA) studies, we assimilate a gridded GRACE TWS product, account28
for spatially distributed GRACE error estimates, and evaluate the impact that GRACE scal-29
ing factors have on assimilation. Comparisons with quality-controlled in-situ observations30
indicate that GRACE DA has a positive impact on the simulation of unconfined groundwa-31
ter variability across the majority of the eastern U.S. and on the simulation of surface soil32
moisture across the country. Smaller improvements are seen in the simulation of root zone33
soil moisture and snow depth, and the impact of GRACE DA on simulated river discharge34
and evapotranspiration (ET) is regionally variable. The use of GRACE scaling factors dur-35
ing assimilation improved DA results in the western U.S. but led to small degradations in36
the eastern U.S. Generally the use of scaling factors was more impactful than the use of37
distributed measurement errors in early years. In later years, however, the use of distributed38
measurement errors was more impactful compared to the use of scaling factors. The study39
also found comparable performance between the use of gridded and basin-averaged GRACE40
observations in assimilation, when compared to independent observations. Finally, compar-41
isons of GRACE DA results to drought estimates of the U.S. Drought Monitor (USDM)42
indicate that GRACE DA can be helpful in improving the representation of droughts.43
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1. Introduction44
Terrestrial water storage (TWS), typically defined as the sum of soil moisture, surface45
water, groundwater and snow, is an integrated measure of the hydrological cycle. The snow,46
surface water and groundwater components of TWS are core water resource variables, rele-47
vant to monitoring and predicting hydrological drought and to making informed long-term48
water management decisions. Root zone soil moisture, meanwhile, is of central importance49
to agriculture and ecology. All TWS variables are known to impact land-atmosphere fluxes50
of heat and moisture in a manner that influences local climate and can have significant ef-51
fects on numerical weather forecasts (Cohen and Entekhabi (1999a); Koster et al. (2004);52
Maxwell et al. (2007)).53
For all these reasons, an accurate representation of TWS and its components is a primary54
target for the North American Land Data Assimilation (NLDAS; Mitchell et al. (2004)). NL-55
DAS is multi-institution effort focused on generating high quality, spatially and temporally56
consistent land surface model datasets from best available observations and model outputs.57
The NLDAS domain spans the continental U.S. at 1/8◦ spatial resolution and employs a high58
quality forcing dataset that includes daily gauge-based precipitation analysis, bias-corrected59
shortwave radiation and surface meteorology reanalysis. This forcing dataset is then used to60
drive four LSMs to generate hourly model outputs of land surface conditions including soil61
moisture, snow, runoff, streamflow and land atmosphere fluxes. NLDAS analyses support62
real-time numerical weather prediction, experimental drought monitoring, and retrospective63
studies of U.S. climate and hydrology.64
Phase 2 of the NLDAS project (NLDAS-2; Xia et al. (2012b)) includes several enhance-65
ments over the Phase 1. These include improvements to the forcing datasets and the ability66
to generate model products operationally in real-time. The first two phases of the NLDAS67
project, however, do not employ the assimilation of remotely sensed datasets of land surface68
variables. As NLDAS development continues, efforts are focused on bridging this gap by en-69
abling the assimilation of various hydrological remote sensing products. Kumar et al. (2014)70
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demonstrated the assimilation of soil moisture and snow remote sensing retrievals into the71
Noah LSM in the NLDAS-2 configuration. Given the importance of TWS as a hydrological72
variable, there is a strong reason to include the assimilation of TWS estimates derived from73
the Gravity Recovery and Climate Experiment (GRACE; Tapley et al. (2004)) in these ef-74
forts. The Catchment Land Surface Model (CLSM; Koster et al. (2000)) is one among the75
LSMs being targeted for inclusion in NLDAS that simulates groundwater storage variations,76
which is a prerequisite for GRACE data assimilation. Hence the CLSM is the sole focus of77
this study.78
GRACE offers unprecedented ability to monitor changes in total, column-integrated79
TWS, from surface through groundwater. This capability has supported groundbreaking80
research on water cycle dynamics, water resources, and the cryosphere at basin to conti-81
nental scale (e.g., Rodell et al. (2009); Velicogna (2009); Rodell et al. (2011)). The spatial82
and temporal resolutions of the GRACE measurements, however, are problematic for use83
in hydrological applications at sub-basin scale or sub-monthly time periods. The standard84
GRACE products are available on a monthly basis with an effective spatial resolution of no85
better than 150,000 km2 at mid-latitudes (Rowlands et al. (2005); Swenson et al. (2006)).86
Further, they typically have a 2-4 month latency, which greatly limits their value for real87
time applications.88
Data assimilation (DA) has been used as an effective way to combine information provided89
by GRACE with the estimates from a land surface model (LSM) and to generate spatially90
and temporally disaggregated and continuous, low latency TWS estimates. Zaitchik et al.91
(2008) first demonstrated the assimilation of GRACE observations into a land surface model92
over the Mississippi river basin. They applied an Ensemble Kalman Smoother (EnKS)93
algorithm for GRACE DA and found that assimilation of GRACE data led to improved94
correlations with observed groundwater storage variations and river flow at sub-GRACE95
spatial and temporal scales. Su et al. (2010) and Forman et al. (2012) examined the impact96
of GRACE assimilation on the simulation of snowpack over snow dominated basins and found97
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improvements in hydrologic state and flux estimations. Subsequent studies by Houborg et al.98
(2012) and Li et al. (2012) extended the assimilation approach of Zaitchik et al. (2008) to99
larger domains: North America and Europe, respectively. They also demonstrated that100
GRACE-based drought indicators can be used for objective identification of droughts.101
The core assimilation routine in these aforementioned studies ingested GRACE data that102
had been preprocessed by averaging up to river basin scales. While this approach simplified103
the task of dealing with spatially correlated errors, it also introduced artificial boundaries104
and did not make optimal use of sub-basin scale information contained in the GRACE105
TWS anomaly fields. Two relatively newer studies (Eicker et al. (2014); Tangdamrongsub106
et al. (2015)) explored the use of gridded GRACE data product for DA. Both these studies107
were conducted over a single river basin and employed GRACE DA with a hydrological108
model. Eicker et al. (2014) showed that assimilation of gridded and basin-averaged GRACE109
data provided comparable results. The gridded assimilation provided a closer match to110
GRACE observations when gridded GRACE products were aggregated at 5◦ resolution with111
spatially uncorrelated error assumptions. This study, however, did not provide independent112
evaluations of the gridded and basin-averaged GRACE DA approaches. All these previous113
studies have been limited in compiling the best possible set of spatially complete, quality-114
controlled in-situ observational data to evaluate the performance of the DA system. Most115
studies did perform a set of evaluations, but it is extremely challenging to work with all116
relevant datasets in a systematic way, and in many regions independent validation data117
simply do not exist.118
The objectives of the present study are threefold. First we examine the utility of GRACE119
DA to contribute to model skill beyond what NLDAS-2 accomplishes on the basis of best-120
available forcing and parameter data quality. To accomplish this objective, the software121
framework, forcing data, and domain are all set to match NLDAS-2. CLSM, which we use122
as the land surface model into which GRACE observations are assimilated, is expected to be123
included in the next phase of NLDAS. Second, we assess the utility of gridded GRACE data124
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products along with their spatially distributed error estimates in assimilation, instead of125
requiring preprocessing to subjectively defined basins. The evaluation is conducted through126
a comparison of the gridded assimilation strategy to the basin-averaged assimilation ap-127
proaches employed in previous GRACE DA studies. The use of gridded GRACE products is128
an important step towards standardizing GRACE DA and facilitating its extension to other129
regions. The third objective of this study is to examine the impact of GRACE DA on key130
terrestrial water cycle components. We make use of the Land surface Verification Toolkit131
(LVT; Kumar et al. (2012)) to perform the most extensive observation-based evaluation of132
model output that we found to be feasible for the NLDAS domain. This is complemented by133
quantitative comparisons to the operational United States Drought Monitor (USDM; Svo-134
boda et al. (2002)) in order to assess one likely application of an NLDAS configuration that135
includes GRACE DA.136
2. Data and Methods137
a. GRACE Terrestrial Water Storage138
GRACE consists of two satellites following one another in near polar orbit, which mea-139
sures the spatio-temporal variations in the Earth’s gravity field-based on perturbations to140
the orbits of those satellites. After removing the influence of atmospheric and oceanic circu-141
lations and glacial isostatic adjustment, the remaining signal on monthly to interannual time142
scales can be attributed to the variations of terrestrial water storage. Converting GRACE143
retrievals into estimate of TWS variations is not trivial, and methods for optimizing the ac-144
curacy and resolution of this conversion are still a subject of active research (e.g., Sakumura145
et al. (2014)). In many cases, GRACE scientists extract time series of TWS change for spe-146
cific regions of interest using geographically customized weighting schemes (e.g., Swenson and147
Wahr (2002)). However, monthly gridded products are also made available to the broader148
research community. In particular, the NASA Jet Propulsion Laboratory’s Tellus website149
5
(http://grace.jpl.nasa.gov/data/gracemonthlymassgridsland/) distributes monthly GRACE150
TWS anomaly products on 1◦ horizontal resolution grids (Landerer and Swenson (2012)).151
While these gridded products are not necessarily optimal for all regions, they offer significant152
advantages of global coverage, public availability, and standardization. As a result, many in153
the hydrology community depend on these gridded products for their analyses. The gridded154
nature of the products is also an obvious advantage for DA systems.155
In this study, we use the Tellus GRACE monthly mass grids optimized for land appli-156
cations covering the period of January 2003 to January 2013. This product is based on157
the version RL05 spherical harmonics fields produced by the University of Texas Center for158
Space Research (CSR), Jet Propulsion Laboratory (JPL) and German Research Centre for159
Geosciences (GFZ). We use the CSR version, but the products are generally similar. A160
number of filtering procedures (Swenson and Wahr (2006); Wahr et al. (2006)) are applied161
to reduce measurement errors and to convert the data from the spectral domain to geo-162
graphical coordinates. Tellus also provides a grid of multiplicative scaling coefficients aimed163
at restoring some of the signal loss due to filtering and truncation of the original GRACE164
spherical harmonics used in the derivation of GRACE TWS observations (Landerer and165
Swenson (2012)). As identified in the RL05 data, the period 2004-2009 is used as the base-166
line. We convert the GRACE TWS anomalies to a “total TWS” in model space by adding167
the 2003-2013 mean TWS from an open loop (OL; no DA) CLSM integration to the monthly168
GRACE TWS anomalies on a grid cell by grid cell basis. These processed observations are169
then employed in the DA system.170
b. Catchment Land Surface Model171
The Catchment Land Surface Model (CLSM; Koster et al. (2000)) is the terrestrial com-172
ponent of the atmospheric data assimilation and forecasting system at the NASA Global173
Modeling and Assimilation Office (GMAO). The basic modeling unit in CLSM is the inter-174
section of a topographically based hydrologic catchment with gridded meteorological forcing.175
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Unlike the layer-based approach used in most LSMs, CLSM simulates subsurface water stor-176
age using three prognostic bulk moisture variables: surface excess and root zone excess,177
which represent the excess or deficit soil moisture relative to equilibrium conditions for the178
top 2 cm and 1 m of soils, respectively, and catchment deficit that represents the amount of179
moisture that is required to bring the subsurface to saturation. The state of these prognos-180
tics is used to determine the fraction of each modeling unit that is saturated, the fraction181
that is unsaturated but transpiring, and the fraction that is wilting. This allows for sub-grid182
scale representation of the influence that saturation state has on energy partitioning. Soil183
moisture in a 2-cm surface layer and a 1-m root zone layer are diagnosed from the prog-184
nostic bulk moisture variables. Groundwater is not directly modeled, but the equilibrium185
vertical distribution of soil moisture includes an implicit water table, located at the depth186
of the equilibrium saturation. This model feature is critical to GRACE DA, since it implies187
the presence of an unconfined aquifer that has time varying storage (mass) of water. The188
CLSM configuration used in this article employs the soil depth to bedrock dataset used in189
the Second Global Soil Wetness Project (GSWP-2). Similar to the strategy used in Houborg190
et al. (2012) and Li et al. (2012), the depth to bedrock used in the model was uniformly191
increased by 2 m, to increase the dynamic range of catchment deficit and thus avoid artificial192
limits on drydown during droughts. A three layer snow model (Stieglitz et al. (2001)) is used193
in CLSM to simulate snow conditions on the land surface. The simulated terrestrial water194
storage is obtained by subtracting the catchment deficit from the maximum available pore195
space of the catchment and by adding the surface and root zone excess terms. This total196
storage thus includes both the root zone soil moisture and the groundwater. The TWS is197
the sum of the total soil water storage, snow water equivalent, and canopy water storage;198
the groundwater storage is calculated by subtracting the root zone soil moisture, snow water199
equivalent and canopy water storage from the TWS. Note also that in this study, CLSM is200
run on the regular latitude-longitude NLDAS grid, instead of on irregular catchments. All201
simulations use CLSM Fortuna 2.5 version.202
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c. Model Configuration203
A domain configuration similar to the one used in the North American Land Data As-204
similation System (NLDAS; Mitchell et al. (2004); Xia et al. (2012b)) is employed in this205
study. The NLDAS project employs a 1/8◦ regular latitude/longitude grid centered over the206
Continental United States (CONUS; 25-53◦N and 125-67◦W). The model and DA integra-207
tions are conducted using the NASA Land Information System (LIS; Kumar et al. (2006);208
Peters-Lidard et al. (2007)). The model simulations are forced with NLDAS-2 meteorological209
forcing data (Xia et al. (2012a)), which includes daily gauge-based precipitation analysis,210
bias-corrected shortwave radiation and surface meteorology analysis. The simulations are211
run with a 15-minute timestep and the model is spun up by running from 1979 to 2012 twice212
and then reinitializing the model in 1979 (following the advice of Rodell et al. (2005)). Since213
the GRACE data are more reliable from 2003 onwards, all evaluations are conducted during214
a time period of 2003 to 2012.215
Routed streamflow estimates are generated using the Hydrological Modeling and Anal-216
ysis Platform (HyMAP; Getirana et al. (2012)), which computes streamflow estimates by217
considering water surface dynamics and time delays in the surface runoff and baseflow fields218
from the LSM. HyMAP also includes formulations to model the interaction between rivers219
and floodplains, floodplain water flow among grid cells and evaporation from open water220
and is run at the same spatial and temporal resolutions as that of the LSM. Note that other221
surface water sources such as lakes and wetlands are not modeled here.222
d. Data Assimilation Method223
Similar to prior GRACE DA studies, we employ a 3-dimensional ensemble smoother algo-224
rithm for assimilating the GRACE data, which is described in detail in Zaitchik et al. (2008).225
In contrast to traditional DA scenarios where observations are instantaneous, GRACE ob-226
servations are time averaged TWS anomalies and are reported at a coarse temporal interval227
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of a month. The smoothing approach temporally disaggregates the observations for each228
month into a finer, daily temporal scale of the land surface model.229
The algorithm alternates between an ensemble forecast step and a data assimilation step.230
In the forecast step, an ensemble of model states is propagated forward in time using the231
LSM. In the update step (at time k), the model forecast is adjusted toward the observation232
based on the relative uncertainties, with appropriate weights expressed in the “Kalman gain”233
Kk:234
Xi+k −Xi−k = Kk[Yk −HkXi−k ] (1)
The state and (suitably perturbed) observation vectors are represented by Xk and Yk, respec-235
tively. The linear observation operator Hk relates the model states to the observed variable.236
The superscripts i− and i+ refer to the state estimates of the i-th ensemble member before237
(−) and after (+) the update, respectively.238
The sequence of the forecast and update steps is shown in Figure 1. As noted above, the239
GRACE TWS anomalies are converted to absolute TWS values by adding the corresponding240
time averaged TWS mean from the model open loop simulation. During the assimilation241
integration, the model is propagated forward for a month without any assimilation (Forecast242
step in Figure 1). During this run, the TWS values at the 5th, 15th and 25th days of243
the month are stored in memory, for each grid point. The average of these three values is244
then used to compute the monthly model forecast of the GRACE TWS observation (that is,245
HkX
i−
k in equation 1), which completes the forecast step. This averaging approach is used246
to mimic the fact that GRACE monthly TWS estimates are informed by roughly three close247
overpasses each month. Next, the analysis increments ([Xi+k −Xi−k ]) for the beginning of the248
month are computed using equation 1.249
The ensemble is then reinitialized at the beginning of the month and during the second250
iteration, the analysis increments computed in equation 1 are applied evenly over each day251
of the month by dividing [Xi+k −Xi−k ] with NDmo, the number of days in the month. When252
the model integration for the current month is finished, the algorithm switches back to the253
9
forecast mode, storing TWS states from the three days in memory and repeating the above254
process.255
The ensemble is generated by applying perturbations to the model states and input me-256
teorological forcings. The parameters used for these perturbations are listed in Table 1.257
Zero-mean, normally distributed additive perturbations are applied to the downward long-258
wave radiation (LW) forcing, and lognormal multiplicative perturbations with a mean value259
of 1 are applied to the precipitation (P) and downward shortwave radiation (SW) fields.260
Time series correlations are imposed via a first-order regressive model [AR(1)] with a time261
scale of 24 hours. The CLSM prognostic variables catchment deficit, surface excess and the262
snow water equivalent for each of the three snow layers are perturbed with additive noise263
using the perturbation noise specified in Table 1. In model state perturbation instances, a264
horizontal error correlation of approximately 200 km was assumed. Cross correlations im-265
posed on the variables are also listed in Table 1. All model integrations use an ensemble size266
of 20. Quality control checks on the physical limits of each variable are imposed to avoid267
possible unphysical values resulting from perturbations.268
As noted earlier, an important difference in this study compared to previous GRACE DA269
studies is that here we use grid cell by grid cell assimilation of gridded GRACE hydrology270
products, whereas the prior studies employ river basin level assimilation. The use of grid271
cell by grid cell assimilation of GRACE presents certain challenges, since the 1◦ horizontal272
resolution of gridded GRACE products does not represent the true resolution of the data.273
The gridded products are derived from spherical harmonic representations of Earth’s gravity274
field and a Gaussian filter is applied during data processing to remove noise from high-degree275
Stokes coefficients (Wahr et al. (1998)). This Gaussian smoothing means that both TWS276
anomaly estimates and errors are horizontally correlated, requiring that we assimilate with277
a horizontal correlation scale on the order of the smoothing radius (300 km).278
Observation error estimates are another challenge for gridded GRACE data. Previous279
assimilation studies have used uniform observation error standard deviation of 20 mm for280
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midlatitude studies, following Wahr et al. (2006). However, the gridded products are now281
provided with spatially distributed, temporally static error estimates (Landerer and Swenson282
(2012)) that can be used in place of the uniform value. Figure 2 shows a map of the reported283
total measurement error of the GRACE data for the CONUS domain, interpolated to the284
NLDAS-2 resolution. In most parts of the domain, the total measurement error ranges285
between 20 and 40 mm. Higher errors are reported on the West coast, in Florida, the lower286
Mississippi and parts of the Southeast U.S. We performed simulations with distributed error287
estimates and with the uniform 20 mm value, to match the previous studies.288
Additional filtering procedures for the purposes of reducing the level of noise are applied289
to generate the gridded GRACE TWS data. However, these also lead to loss of signal,290
which becomes the dominant term in the error budget of the filtered data in some areas.291
To reduce the differences between the signal amplitudes of the original and filtered data, a292
multiplicative scale factor was developed (Landerer and Swenson (2012)) and is distributed293
with the gridded GRACE TWS estimates. The main purpose of the scale factor is to294
restore signal amplitude lost during data processing, but due to the higher resolution of the295
hydrological model used to compute the scale factors on a 1◦ degree grid, they produce fine296
scale features that are not present in the unscaled data. We apply the scaling factors prior297
to assimilating GRACE observations, but we also performed a simulation without scaling298
factors as a sensitivity test.299
3. Results and Discussion300
This section first presents a quantitative assessment of the impact of assimilating GRACE301
TWS (DA-TWS) on various water budget components, including groundwater, soil moisture,302
streamflow, snow depth, and evapotranspiration. The model simulations are evaluated by303
comparing against a number of independent datasets using the Land surface Verification304
Toolkit (LVT; Kumar et al. (2012)). LVT is an integrated environment developed for the305
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systematic evaluation of land model analyses and it facilitates comparisons against a large306
suite of in-situ, remotely sensed and other model and reanalysis datasets using a variety of307
metrics.308
The default GRACE DA configuration (DA-TWS) used in this section employs the dis-309
tributed measurement errors and the scaling factors. In subsection h we explore the sen-310
sitivity of the results to the use of the distributed error estimates and the scaling factors311
that are provided with the GRACE data and subsection i provides a comparison of the DA312
approaches that employ gridded and basin-averaged GRACE data. The last part of this313
section focuses on the impact that assimilating TWS retrievals has on drought estimates.314
a. Terrestrial Water Storage315
Figure 3 presents a time series of the daily averaged TWS from the OL and DA-TWS316
and the monthly GRACE TWS for six regions of the CONUS. The seasonality of the TWS317
is captured reasonably well in the OL integration and GRACE DA leads to changes in318
the interannual variability of TWS estimates. In general, TWS in the DA simulation falls319
between that of OL and the GRACE observations, as one would expect. It is possible,320
however, for TWS in DA-TWS to fall outside of this range due to the long memory of TWS321
in the model. In addition, it is likely that the 3-dimensional filter updates also contribute to322
this behavior. For example, if a neighboring innovation is large and has a sign opposite to323
and an estimated error less than that of the grid cell in question, the analysis may result in324
an update away from the observations at that grid cell. As seen in Figure 3, the influence of325
DA is more impactful in the later years and over the Northeast, Midwest, Great Plains and326
Southwest regions. In these regions, as large as 6 to 9% change in area averaged daily mean327
TWS are observed. Larger differences between DA-TWS and OL are observed at the grid cell328
scales (not shown), indicating the significant influence of GRACE DA towards impacting the329
column integrated water storage estimates. The influence of GRACE DA is encouraging, as it330
suggests that the unique information in GRACE observations can inform CLSM simulations331
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even when the model uses high quality NLDAS meteorological forcing data. The significant332
influence of DA on a simulation that already uses best-available meteorology and parameter333
data demonstrates that neither the model nor the inputs are perfect, and it is important334
to perform a thorough evaluation of how DA influences model performance judged against335
available evaluation data.336
b. Groundwater337
In-situ groundwater level measurements from 128 monitoring wells were used for evalu-338
ation of simulated groundwater storage variations. We selected wells for inclusion that we339
determined to be installed in unconfined aquifers and not directly impacted by pumping or340
injections, based on an analysis of available metadata, published reports, and the temporal341
dynamics of the individual time series. Many of these wells were previously identified using342
similar criteria by Rodell et al. (2007) and Houborg et al. (2012). The seasonal climatol-343
ogy of each time series was removed before applying it for evaluation. We note that some344
monitoring wells are in coastal locations. These wells could be influenced by ocean level345
changes that are not represented in CLSM, but we did not find systematic coastal effects in346
our model evaluation.347
Figure 4 shows changes in groundwater anomaly correlation (R) fields in the GRACE348
DA compared to the open loop simulation. The anomaly R values at each grid point are349
computed as follows: The anomalies are computed by subtracting the monthly mean clima-350
tology values from the daily average raw data, so that they represent the deviations from the351
mean seasonal cycle. The anomaly R values are then calculated by comparing the anomalies352
of daily model water table estimates and in-situ groundwater level measurements from 128353
monitoring wells across the U.S. Here we use anomaly R as the metric to exclude the skill354
contribution from correctly identifying the mean seasonal variation. Only grid points with355
at least 300 valid in-situ measurements are chosen in the analysis. The statistical signifi-356
cance of the anomaly R differences is computed based on the Fisher Z transform. As seen357
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from Figure 4, station coverage is sparse after the quality control procedures employed here,358
particularly in the Western U.S. In Figure 4, the locations where the anomaly R differences359
are not statistically significant at the 95% confidence intervals are shown in gray shading.360
There is an overall improvement in the simulated groundwater estimates as a result of361
GRACE DA. The domain-averaged anomaly R from the OL simulation is 0.67 and it im-362
proves statistically significantly to a value of 0.69 (based on the 95% confidence intervals)363
with the assimilation of GRACE data. Figure 4 indicates that there are systematic improve-364
ments in the upper Mississippi and parts of the Northeast, whereas the improvements are365
small in the Southeast U.S. and results are mixed for the few available sites in the Western366
U.S.367
It is encouraging that DA-TWS improvements are observed in regions with relatively368
dense in-situ data records (i.e., the Northeast and Midwest). However, the scarcity of quality369
evaluation sites in the western half of the country is a problem, because information on370
groundwater dynamics is likely to be most relevant in parts of the country that are semi-371
arid to arid and/or depend on groundwater for irrigation. Data available on the analysis372
presented in this paper are not adequate to support any conclusion on the value of GRACE373
DA in the western U.S. Note also that CLSM uses a simple aquifer formulation to represent374
groundwater variations and is unlikely to accurately capture the groundwater dynamics in375
the central and western U.S. regions where the water table tends to be tens of meters deep.376
Use of more advanced groundwater models representative of such regions and synthetic DA377
studies similar to Forman and Reichle (2013) are needed to enhance the utility of GRACE378
DA in these regions. Such a study is left for a future work.379
c. Soil moisture380
The improvements in simulated soil moisture fields are evaluated by comparing against381
two reference datasets: (1) soil profile measurements from the USDA Soil Climate Analysis382
Network (SCAN; Schaefer et al. (2007)) and (2) surface soil moisture measurements from383
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four USDA Agricultural Research Service (ARS) experimental watersheds (Jackson et al.384
(2010)). The quality-controlled version of the raw SCAN data (De Lannoy et al. (2014))385
is used to evaluate both surface and root zone soil moisture fields as it provides profile386
measurements of soil moisture at depths of 5, 10, 20, 50, and 100 cm wherever possible. ARS387
data only include the surface soil moisture measurements, and the area-averaged estimates388
from individual sensor measurements at each ARS watershed are used in this study.389
Figure 5 maps the differences in anomaly R for the daily surface and root zone soil390
moisture fields (anomaly R(DA) - anomaly R(OL)), from comparisons against both SCAN391
and ARS measurements. Similar to Figure 4, locations shown in gray shading indicate that392
the anomaly R differences are not statistically significant (at the 95% level) based on the393
Fisher Z transform. Compared to SCAN data, there are statistically significant improve-394
ments in surface soil moisture anomaly R across many stations in the domain (Figure 5a).395
The domain-averaged anomaly R increases from 0.57 for OL to 0.60 for the DA-TWS inte-396
gration. Similar improvements are observed in the root zone soil moisture estimates, with a397
domain-averaged skill of 0.60 for OL improving to 0.63 with the assimilation of GRACE data.398
While GRACE DA improves correlation with observations at the majority of stations, espe-399
cially in the Eastern U.S., degradations in the root zone soil moisture skill are observed at400
a few stations in the Western U.S. and lower Mississippi (Figure 5b). The domain-averaged401
anomaly RMSE (computed as the RMSE of anomalies after removing the mean seasonal402
cycle) for the surface and root zone soil moisture for the OL are 0.047 m3/m3 and 0.035403
m3/m3, respectively and they reduce to 0.045 m3/m3 and 0.034 m3/m3 with DA-TWS. In404
this case, the domain-averaged improvement in the root zone soil moisture anomaly RMSE405
is not statistically significant. The comparison to the data from the four ARS stations also406
confirms these trends of improvements from DA-TWS. With DA, the anomaly R improves407
from 0.72 to 0.74 and the anomaly RMSE improves from 0.029 m3/m3 to 0.027 m3/m3.408
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d. Streamflow409
Here we use the two reference datasets used in Kumar et al. (2014) to evaluate the410
simulated streamflow estimates: (1) Daily streamflow data from 2003 to 2012 obtained411
from the U.S. Geological Survey (USGS; http://nwis.waterdata.usgs.gov/nwis) over412
572 small, unregulated basins and (2) monthly “naturalized” streamflow data at 19 major413
basin outlets (Mahanama et al. (2012)), developed by removing water management effects.414
Similar to the approach used in Kumar et al. (2014), we use a normalized information415
contribution (NIC) metric to quantify the improvements and degradations in the simulated416
streamflow estimates from DA. This normalized approach is used because the magnitude of417
streamflow varies significantly across different basins. The NICs for RMSE, Correlation (R)418
and Nash-Sutcliff Efficiency (NSE) are defined as follows:419
NICRMSE =
(RMSEo −RMSEa)
RMSEo
(2)
NICR =
(Ra −Ro)
(1−Ro) (3)
NICNSE =
(NSEa −NSEo)
(1−NSEo) (4)
where the subscripts o and a denote open loop and assimilation, respectively. Each420
NIC metric measures how much of the maximum skill improvement (which in case of R is421
(1 − Ro)) is realized through DA (which in case of R is (Ra − Ro)). The sign of the NIC422
metric indicates if the assimilation leads to an improvement or degradation over the open423
loop, with positive and negative NIC values indicating improvements and degradations from424
data assimilation, respectively. For NIC=0, the assimilation does not add any skill and for425
NIC=1, the assimilation realizes the maximum skill improvement.426
Figure 6 presents the maps of NICRMSE, NICR and NICNSE and their distribution427
across the basins. As indicated by the histograms of NIC metrics, the overall changes in428
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streamflow due to DA-TWS are small, as most of the NIC values are in the -0.05 to 0.05429
range. Regionally, there are some improvements in the streamflow estimates (especially430
in the R comparisons) over parts of the upper and lower Mississippi basins. Some minor431
degradations are observed over parts of the California basin in the Western U.S.432
The streamflow estimates were also evaluated at several large basin outlets where the433
modeled streamflow is compared against “naturalized” streamflow data (with water man-434
agement effects removed), similar to the evaluations in Mahanama et al. (2012). Table 2435
lists the details of the major basins examined in this study and Figure 7 presents a quanti-436
tative comparison of the influence of GRACE DA. The impact of GRACE DA is generally437
mixed, with some notable improvements over upper Mississippi and Ohio and degradations438
at Garrison and Ft. Randall in terms of improving the magnitude of simulated streamflow.439
It must be noted that the absolute magnitude of discharge is much higher at Ohio and Up-440
per Mississippi, which are the two outlets where overall improvements of approximately 7%441
and 4% in RMSE are observed. The correlations are marginally improved in most basins442
except at upper Mississippi, Arkansas near Ralston, Rio Puerco and Lees Ferry. It must443
also be noted that R values are quite low (< 0.4) for both OL and DA-TWS in a number of444
these rivers, suggesting that the modeling system used in this study does not perform well445
in terms of capturing the discharge patterns of these rivers. In these situations, it is likely446
that some form of land surface model calibration or parameter optimization is required to447
achieve meaningful improvements in the representation of discharge.448
e. Snow depth449
The impact of GRACE assimilation on simulated snow depth is evaluated using three450
reference datasets: (1) daily in-situ snow depth measurements from the Global Historical451
Climatology Network (GHCN; Menne et al. (2012)) meteorological station network, (2) the452
spatially distributed daily snow depth analysis from the Canadian Meteorological Centre453
(CMC; Brown and Brasnett (2010)) and (3) the NOAA National Weather Service’s National454
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Operational Hydrologic Remote Sensing Center (NOHRSC) SNOw Data Assimilation Sys-455
tem (SNODAS; Barrett (2003)) outputs. The GHCN stations are chosen only if they report456
at least three months of valid data during the winter season (December-April) and if they457
report at least two years of data during the 2003-2013 time period. The CMC analysis is458
available daily at approximately 25 km spatial resolution globally from March 1998 onwards.459
SNODAS data products are generated at 1 km spatial resolution beginning October 2003 and460
at hourly temporal resolution over the conterminous United States. The SNODAS analyses461
are generated by combining the estimates from a snow model with satellite-derived, airborne462
and ground-based observations of snow from surface synoptic observations, meteorological463
aviation reports, and special aviation reports acquired from the World Meteorological Orga-464
nization (WMO). CMC analyses are also generated in a similar manner, by combining the465
forecasts from a temperature index snow model with observed snow depth values (Brasnett466
(1999)).467
Figure 8 presents maps of RMSE differences compared to the above mentioned three snow468
depth datasets. Similar to the comparisons in the previous sections, the RMSE differences469
are computed by subtracting RMSE of the DA integration from the RMSE of the open470
loop simulation. In the figure, locations are shaded gray if the RMSE differences are not471
statistically significant at the 95% level as indicated by the t-test.472
Figure 8 indicates that the influence of GRACE DA on snow depth estimates is small,473
as changes in RMSE of snow depth fields are not statistically significant in most parts of474
the domain. The only regions where the RMSE differences are statistically significant are475
over parts of the Rocky Mountains, Sierra Nevada and Cascades, which are all regions char-476
acterized by significant seasonal snowpack. Comparatively, the evaluation against GHCN477
data indicates larger improvements from GRACE DA whereas the changes in RMSE from478
GRACE DA in the CMC and SNODAS comparisons are very small. All three comparisons479
consistently indicate that DA-TWS provides improvements over these regions. Note that480
these improvements are still small, in the range of ± 10 mm, when averaged across the481
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entire simulation period.482
f. Evapotranspiration (ET)483
To quantify the impact of GRACE DA on ET simulation, we compare the model outputs484
against four ET products: (1) the Atmosphere-Land Exchange Inverse (ALEXI; Anderson485
et al. (2007)) model that uses time-differential land surface temperature data retrieved from486
geostationary satellite thermal band imagery to estimate ET via surface energy balance487
(available daily at 4 km spatial resolution), (2) gridded FLUXNET data (Jung et al. (2009))488
created by synthesizing FLUXNET tower data with meteorological forcings and vegetation489
information from interpolated station and satellite data (available monthly at one-half-degree490
spatial resolution), (3) Moderate-Resolution Imaging Spectroradiometer (MODIS) -based491
ET product from University of Washington (UW; Tang et al. (2009); available monthly at 5492
km spatial resolution) and (4) MODIS-based ET product employing the Penman-Monteith493
equation (MOD16; Mu et al. (2011); available daily at 1 km spatial resolution). It should be494
noted that none of these products represent direct observations of ET. Note that all these495
products have random errors and biases of their own and they are included here for the496
purpose of comparison and should not be considered “truth.”497
Figure 9 shows the monthly RMSE difference maps (RMSE(OL) - RMSE(DA)) based on498
comparisons with these four reference data sets, at locations that are statistically significant499
(at the 95% interval) indicated by the t-test. Similar to the snow depth evaluation, the impact500
of GRACE DA on ET estimates is small. The comparisons against ALEXI, FLUXNET and501
UW show certain consistent patterns. For example, there are areas of decreased RMSE in the502
West and Southern U.S. and increased RMSE near the upper Mississippi basin in these three503
comparisons. The RMSE difference map using MOD16, on the other hand, generally show504
that GRACE DA increased RMSE in most parts of the domain. Prior studies (Peters-Lidard505
et al. (2011)) have shown that MOD16 data generally tend to underestimate ET.506
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g. Improvements across water cycle components507
It must be stressed that despite the use of multiple ancillary datasets to evaluate various508
water budget components, it is still difficult to provide a consistent and integrated assess-509
ment of the overall improvement in TWS as the locations of the stations in these datasets510
are not always geographically co-located. In the comparisons that involve in-situ data, the511
representativeness errors are also likely to influence the results, given the differences in the512
spatial scales between a modeling grid and point-scale measurements. A few inconsistent pat-513
terns of improvements and degradations can be observed across the comparisons presented514
above. In particular, the groundwater and soil moisture comparisons indicate that there are515
improvements from GRACE DA in the upper Mississippi basin. The streamflow evaluation516
also indicates patterns of improvement over this region (best seen in the R comparisons in517
Figure 6). The ET comparisons, however, show a general pattern of degradation, compared518
with ET estimates, in this region due to GRACE DA. Over the lower Mississippi basin, the519
groundwater and surface soil moisture improvements are generally positive whereas marginal520
degradations are observed in root zone soil moisture skills. Over this region, the stream-521
flow estimates show improvements from GRACE DA, whereas ET estimates largely show522
degradations. Finally, over the mountainous western U.S., there are improvements in soil523
moisture fields and snow depth, but little or no improvements in simulated streamflow and524
mixed results for ET. Nevertheless, the evaluation of the individual components of TWS525
shows generally encouraging trends of improvements from GRACE DA.526
h. Influence of scaling factor and measurement errors527
In this section we investigate the influence of using the scale factors and the reported528
measurement errors in the DA integrations. Three DA configurations are compared here:529
(1) DA1, our baseline simulation, which uses the gridded GRACE TWS data with the scale530
factors and spatially distributed measurement errors, (2) DA2 - that uses the scale factors531
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along with a spatially uniform measurement error with a Gaussian error variance of 202532
mm2, and (3) DA3 - that uses a spatially uniform measurement error with a Gaussian error533
variance of 202 mm2 but no scaling factors. The comparison of DA2 and DA3 quantifies the534
impact of using the scaling factors, whereas the comparison of DA1 and DA3 quantifies the535
combined influence of using both the scaling factors and spatially distributed measurement536
errors.537
Figure 10 presents a comparison of the three DA integrations. Panel (a) in Figure 10538
shows the domain-averaged monthly time series TWS from the three integrations, for the539
whole CONUS domain. Generally the influence of using the scaling factors and the measure-540
ment errors is small. As shown in Figure 10 (a), the differences between the DA1 and DA2541
integrations are smaller in early years compared to the differences of DA1 or DA2 relative to542
DA3. In later years, however, the are larger differences between DA1 and DA2. This suggests543
that in the CONUS domain averages, the influence of the use of the scaling factors is larger544
than that of the use of spatially distributed measurement errors in early years, where as the545
influence of measurement errors becomes more significant in later years. Similar trends are546
observed in other water budget terms (not shown).547
An independent quantitative evaluation of the three integrations is shown in panels (b)548
through (g) of Figure 10. Panels (b) and (c) present maps of differences in anomaly R of root549
zone soil moisture from DA1 and DA2 integrations relative to DA3, by comparing against550
the SCAN measurements. Similarly, panels (d) and (e) provide estimates of changes in551
groundwater anomaly R values (using the USGS station measurements as reference) in DA1552
and DA2 relative to DA3. Finally, panels (f) and (g) present the NICNSE of streamflow553
estimates of DA1 and DA2 relative to DA3, using the same reference data employed in554
Section d. Generally, the added influence of the use of scaling factors is greater compared to555
the impact of using spatially distributed measurement errors on the skill improvements. The556
use of scaling factors improves the simulation of soil moisture in parts of the western U.S.,557
and the High Plains, whereas the skills are marginally reduced in the eastern part of the558
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modeling domain (panel c). Similar trends are seen in the groundwater comparisons where559
the added use of distributed measurement errors only improve the groundwater skills at a560
few stations (panel d) over that of the use of scaling factors (panel e). The use of these DA561
variants do not show significant impacts on the streamflow skills (panels f and g).562
While benefits to the assimilated output of applying scale factors to the GRACE data563
were ambiguous in this case, it should be noted that the scale factors have previously been564
shown to restore signal lost due to GRACE data processing in certain regions including the565
Pacific Northwest (Tang et al. (2010); Landerer and Swenson (2012)). Hence the results566
shown here should not discourage the use of the scale factors. Note also that the spatially567
distributed measurement errors (Figure 2; used in DA1) are generally larger than the 20568
mm error standard deviation assumption used in the DA3 simulation, especially over the569
eastern U.S. Marginal degradations in the soil moisture and groundwater skills in the DA1570
integration relative to DA3 in the eastern part of the domain suggests that use of lower error571
values (than the total measurement errors) may be more appropriate in these areas.572
i. Comparison of DA strategies using gridded and basin averaged GRACE data573
As noted in the introduction, most prior GRACE DA studies employ preprocessed574
GRACE data averaged up to river basin scales. This section presents a comparison of using575
both gridded and basin-averaged GRACE data. The basin-averaged GRACE data is gener-576
ated using the hydrological catchment delineations employed by Houborg et al. (2012). The577
DA integration using the basin-averaged GRACE data also employs scaling factors and spa-578
tially distributed measurement errors. The GRACE data is averaged up to the basin scales579
after applying the scaling factors. The basin-averaged GRACE DA integration (DA1b) is580
compared against our baseline simulation (DA1), which uses the gridded GRACE TWS data581
with the scale factors and spatially distributed measurement errors.582
The comparison of the DA1b and DA1 integrations is presented in Figure 11. Panel (a)583
of Figure 11 which shows the monthly, CONUS-averaged time series of TWS from DA1 and584
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DA1b indicates that the influence of both DA1 and DA1b are comparable. Similar to Fig-585
ure 10, an independent quantitative evaluation of the root zone soil moisture, groundwater586
and streamflow fields from DA1 and DA1b is shown in panels (b), (c) and (d) of Figure 11.587
The basin-averaged assimilation leads to marginally higher root zone soil moisture skills in588
many parts of the domain (Alabama, Mississippi, Utah, etc.). The comparison of ground-589
water fields, on the other hand, shows mixed results. For example, the DA1b integration590
has higher skills in some of the upper Mississippi basin whereas the DA1 integration per-591
forms better at locations such as Florida and lower Mississippi. Finally, the DA1 and DA1b592
integrations show very small differences in the evaluation of the streamflow fields.593
j. Evaluation of drought estimates594
In this section, we quantify the potential of GRACE DA for improving drought estima-595
tion. Houborg et al. (2012) presented an objective methodology for developing GRACE-596
based drought indicators for the U.S. and Li et al. (2012) examined the use of GRACE DA597
for drought monitoring in Western and Central Europe. Here we extend these earlier stud-598
ies through quantitative comparisons against data from the U.S. Drought Monitor (USDM;599
Svoboda et al. (2002)).600
Estimates of drought are generated through percentile-based indices using TWS outputs601
from the open loop and DA-TWS integrations. The percentile-based drought indices are602
computed in a manner similar to that used in the NLDAS drought monitoring system (Ek603
et al. (2011a); Sheffield et al. (2012a)). The percentiles are computed as follows: using daily604
outputs from 34 years of open loop model simulation (1979-2012), the TWS climatology is605
computed first, separately for each grid point. The climatology is generated by assembling606
the variable values for a particular calendar day across all 34 years, using a time window607
of 5 days to improve the sampling density. For example, Jan 3 climatology is assembled by608
using all values from Jan 1 to Jan 5, across all years, leading to 34 × 5 = 170 values for each609
calendar day. Once the climatology is assembled, the daily percentile values are computed610
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by ranking each day’s estimate against the climatology. Since the DA-TWS integration611
involves a shorter time period (10 years; 2003-2012), compared to the OL, the TWS fields612
from DA-TWS run were scaled to match the OL climatology before computing the DA-TWS613
based percentiles. The rescaling is performed using standard normal deviate-based approach,614
separately for each grid point, as shown in equation 5.615
θ
′
i = µ
o
i + (θi − µdi )
σoi
σdi
(5)
where the subscript i denotes the grid point, θi is the TWS value from the DA-TWS616
run, θ
′
i is the rescaled TWS value, µ
o
i and µ
d
i are the temporal TWS mean values from the617
OL and DA runs, respectively and σoi and σ
d
i are the standard deviations of TWS from the618
OL and DA runs, respectively. Once the TWS estimates from the DA run are rescaled,619
the percentiles from the DA run are generated by sampling from the OL climatology. The620
weekly drought percentage area values are produced for six different regions of the U.S.621
(South, Southeast, Northeast, Midwest, High Plains and West, as defined in the USDM) and622
for 5 drought categories of varying intensity (D0 (abnormally dry, percentile ≤ 30%), D1623
(moderate drought, percentile ≤ 20%), D2 (severe drought, percentile ≤ 10%), D3 (extreme624
drought, percentile ≤ 5%) and D4 (exceptional drought, percentile ≤ 2%).625
Figure 12 presents a comparison of the spatial distribution of drought intensities for626
a number of representative cases in years 2004, 2006, 2011 and 2012. The figure shows627
the drought percentiles from the open loop and DA-TWS integration compared against the628
corresponding drought intensity map from the USDM archives. In the Jan 20-27, 2004 case,629
the representation of the drought in the open loop-based estimate differs significantly from630
USDM, as the OL simulation underestimates drought severity and fails to match the spatial631
locations of the affected areas. Though these limitations are not significantly improved in632
the DA-TWS based estimates, over places such as Utah, Colorado, Nebraska and Iowa,633
DA-TWS based drought estimates are more closely aligned with the USDM. The severe634
drought over South Dakota, however, is better represented in the OL estimate. In the635
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Feb 1-7, 2006 case, the open loop-based estimate matches USDM in the location of the636
extreme drought categories (D3 and D4) over northeast Texas and southeast Oklahoma and637
southeast Arizona. It underestimates the D0-D2 categories over the Southern Plains (Kansas638
and Nebraska, for example) relative to USDM, while the DA-TWS based estimates provide639
a closer match. The drought intensities over New Mexico and Lousiana are better matched640
in the DA-TWS estimates as well. The third example represents the onset of the 2011641
Texas drought case, which is poorly represented in the OL estimates. The OL estimate does642
not capture the drought over the Southern regions (New Mexico, Texas), whereas drought643
estimates over Indiana, Ohio and Pennsylvania are overestimated relative to USDM. The644
DA-TWS simulation-based estimate matches the USDM intensity and spatial distribution of645
drought more closely over these regions. DA-TWS estimates, however, underestimates the646
moderate drought in the Southeast U.S. Sept 18-25, 2012 is representative of a widespread647
drought that affected the Central U.S. during that year. The open loop-based estimates648
overestimate the severity over several areas including Minnesota, Iowa and Wyoming and649
underestimates the extreme drought over Kansas and Oklahoma relative to USDM. The650
DA-TWS estimates have reduced bias in those regions (for example, the representation of651
the extreme drought over Kansas and Oklahoma is notably improved in DA-TWS estimate),652
but they fail to match the spatial patterns of USDM severe drought over Nebraska.653
For a quantitative evaluation of the impact of GRACE DA on drought estimates, we654
compare the weekly percentage area of drought data from the USDM archives (http://655
droughtmonitor.unl.edu/MapsAndData/MapArchive.aspx) against the corresponding es-656
timates generated from the model integration based drought indices. Figure 13 shows time657
series of weekly averages of drought area percentage computed from the TWS percentiles for658
the open loop and the DA-TWS integrations over the South region of the USDM. The figure659
also shows the R, RMSE and Bias of drought area percentages against USDM for different660
drought categories. In this region the effect of cold season processes is small and soil mois-661
ture is a good proxy for drought. We focus on this region first, as our earlier results suggest662
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that DA-TWS contributes more towards improving soil moisture representation compared663
to other moisture components such as snow. Overall, the skill of the open loop simulation is664
high, especially for D0 to D2 categories, as it provides a good match to the USDM drought665
area values. The impact of GRACE DA is mixed, as it leads to stronger agreement with666
USDM during some periods (e.g. 2006-2007, 2011, 2012), and reduced agreement in other667
periods (late 2008, late 2009). For more severe drought categories (D3 and D4), similar668
trends can be seen, though the GRACE DA based estimates show reduced agreement for the669
2006-2007 drought. The drought area representation is marginally improved by the GRACE670
DA-based integration in the late 2011 drought, whereas the drought area extent is better671
captured by the OL integration in the 2006-2007 drought.672
The quantitative statistics indicate that the aggregate impact of GRACE DA is to673
marginally reduce model agreement with USDM (especially in D3 and D4 categories) in674
this region as the R values are reduced and RMSE and biases are increased. Similar com-675
parisons of the percent drought area comparisons were conducted over other regions (not676
shown) with GRACE DA leading to stronger agreement with USDM in the Midwest, West677
and High Plains and weaker agreement in the Southeast and Northeast. It must be stressed,678
however, that the percent drought area comparisons do not include direct comparisons of679
intensity and spatial locations of drought areas, which are often more important for drought680
monitoring applications. The individual case comparisons shown in Figure 12 show that681
GRACE DA increases agreement with USDM for these cases.682
The comparisons with USDM are informative insomuch as USDM is the most widely used683
drought monitor for the U.S. They must be interpreted with some caution, however, since the684
USDM is not a conventional benchmark product. The weekly USDM product is produced685
by a rotating team of authors, and their maps are informed by both short- and long-term686
objective drought indicators (primarily precipitation-based) and by subjective input from a687
network of local and regional experts (Svoboda et al. (2002)). Agreement between a CLSM688
simulation and USDM, then can reasonably be interpreted as an indicator of the simulation’s689
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realism, but areas of disagreement do not necessarily mean that the model or assimilation690
scheme are “wrong.” The USDM product in any given week might be influenced by expert691
opinion of a drought’s current impact on a region, while the modeling system simply tries692
to quantify soil moisture deficits. In addition, the USDM objective indicators tend to be693
focused on meteorology and its impacts on soil moisture, while GRACE DA is designed to694
improve simulation of unconfined groundwater as well.695
Finally, there is some difficulty in comparing GRACE DA results to USDM after the fall696
of 2011, when GRACE DA-based drought indicators began to be provided to the USDM697
authors (Houborg et al. (2012)). Agreement between the two products since that time,698
therefore, might simply indicate that the USDM authors are making use of GRACE DA699
information when generating their drought maps. On the other hand, open loop NLDAS700
model-based drought indicators are also used by the USDM authors. That said, the GRACE701
DA and NLDAS data comprise only one of about five categories of input data considered by702
the USDM authors. The question of whether GRACE DA has impacted USDM is a subject703
of active study and early results are inconclusive (Richard Bernknopf, pers. comm.)704
4. Summary705
This article examines the impact of assimilating gridded GRACE TWS data for im-706
proving land surface model estimates and their contribution towards improved estimation707
of droughts. The study is conducted over the Continental U.S. using the NLDAS-2 domain708
configuration and datasets, with the Catchment land surface model. The DA integrations709
are conducted over a time period of 2003 to 2012, using an Ensemble Smoother algorithm.710
The model simulations and the added impact of DA on the land surface model estimates711
are evaluated using a wide range of independent datasets. The simulation of groundwa-712
ter estimates was improved by the GRACE DA in the comparisons against in-situ USGS713
groundwater well data. The domain-averaged anomaly R skill for the open loop is 0.67 and it714
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improves to 0.69 with GRACE DA. In the evaluations of surface and root zone soil moisture715
fields against the in-situ SCAN and ARS measurements, significant improvements across the716
whole modeling domain were obtained. The domain-averaged anomaly R for the surface717
and root zone soil moisture fields for the open loop simulation is 0.57 and 0.60, respectively.718
With GRACE DA, the domain-averaged anomaly R skills for the surface and root zone soil719
moisture fields improve to 0.60 and 0.63, respectively. Comparatively, the impact of GRACE720
DA on streamflow simulations was marginal, though improvements in the range of 4-7% at721
the Ohio and Upper Mississippi river outlets, two of the biggest rivers in terms of discharge722
magnitude were obtained. Similar to prior studies such as Forman et al. (2012), the impact723
of GRACE DA on modeled snow fields was small. Finally, the impact of GRACE DA on724
ET estimates was found to be mixed, with some patterns of improvements and degradations725
observed in the intercomparisons to the four reference datasets.726
The NLDAS-2 forcing dataset, especially precipitation, is generally considered to be of727
high quality (Matsui et al. (2010)). The use of NLDAS-2 data as input forcing to the LSMs728
lead to open loop estimates with high skills. Consequently, prior studies that have examined729
the assimilation of soil moisture and snow datasets in the NLDAS-2 configuration have re-730
ported marginal success (Peters-Lidard et al. (2011); Kumar et al. (2014)). In comparison,731
the results presented in this paper show more systematic improvements from GRACE DA732
in key water budget components (groundwater and soil moisture). Though the spatial and733
temporal resolution of GRACE is much coarser than other typical hydrological remote sens-734
ing datasets (soil moisture, snow, land surface temperature), the fact that GRACE provides735
observations of the whole water column instead of a few top centimeters of the land surface736
is a likely contributor to the more significant improvements with GRACE DA observed in737
the results of this paper.738
The study also examined the influence of using the scaling factors and spatially dis-739
tributed measurement errors in the DA configurations. The use of scaling factors was more740
impactful than the use of spatially distributed measurement error standard deviations (in-741
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stead of a uniform 20 mm error) in early years. In later years, the use of the spatially742
distributed measurement errors was found to be more impactful than the use of scaling743
factors. Interestingly, we found only small differences between DA of basin scale GRACE744
observations and DA of gridded observations, and the two simulations performed compara-745
bly when compared to independent observations. This might be due to the fact that the746
basins defined in this study are of a size that is on the same order of the true resolution747
of assimilated GRACE products, or only slightly larger. This means that assimilating on a748
grid-by-grid basis does not add significant information content relative to the basin average749
in most cases. Our result is in contrast to Eicker et al. (2014), who found modestly larger750
differences between gridded and basin-averaged assimilation, but in experiments where the751
“basin” was the entire Mississippi basin and the “gridded” observations were at 5◦ rather752
than 1◦ resolution. This meant that their basin-averaged GRACE values were significantly753
larger than the true resolution of the GRACE TWS estimate.754
The influence of DA on improving drought estimates was examined by generating per-755
centiles from TWS fields. A quantitative evaluation of the area fraction in drought for five756
drought severity categories was examined by comparing the model-based estimates against757
corresponding USDM archived data. Positive impact from GRACE DA towards improving758
drought estimates were observed for several individual cases. In the percent drought area759
comparisons over the South region of USDM, GRACE DA increased CLSM agreement with760
USDM during the 2006-2007, 2011 and 2012 droughts, but it decreased agreement for the761
late 2008 and late 2009 droughts. The operational USDM maps are drawn by authors who762
subjectively consider a variety of different drought indicators. Therefore, a single variable763
(TWS) based drought estimate would not be expected to match USDM perfectly. The com-764
parisons presented in the article, however, suggest that GRACE DA can be a significant765
contributor towards developing a comprehensive, objectively blended drought analysis. We766
also expect this work to aid future multi-sensor assimilation studies to help better constrain767
TWS estimates.768
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List of Figures969
1 Schematic of the sequence of the forecast and update steps of the Ensemble970
Smoother algorithm used for GRACE DA. During the forecast step, the ob-971
servation operator stores the TWS values at the 5th, 15th and 25th days of a972
month, for computing the analysis increments. During the analysis step, the973
ensemble is reinitialized to the beginning of the month and the DA increments974
are applied smoothly over each day. 45975
2 Map of total measurement errors (in mm) of GRACE TWS estimates 46976
3 A time series comparison of TWS estimates from the open loop (OL), DA-977
TWS and GRACE observations over six major regions of the continental U.S. 47978
4 Anomaly R differences of groundwater fields from DA-TWS relative to the979
OL integration. The warm colors indicate locations of improvement and cool980
colors indicate locations of degradation. The gray shading indicates locations981
where the Anomaly R differences are not statistically significant. 48982
5 Anomaly R differences of surface soil moisture (top panel (a)) and root zone983
soil moisture (bottom panel (b)) fields from DA-TWS relative to the OL984
integration. The warm colors indicate locations of improvement and cool985
colors indicate locations of degradation. 49986
6 The left column shows the streamflow NIC values for RMSE (top row), R987
(middle row), and NSE (bottom row) from DA-TWS. The warm and cool988
colors represent areas of improvements and degradations, respectively. The989
right column shows the distribution of NIC values for each metric across the990
domain. 50991
7 A comparison of the RMSE and R of of the streamflow estimates from the992
OL and DA-TWS at major basin outlets listed in Table 2 51993
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8 RMSE differences (in mm) of snow depth from DA-TWS relative to the open994
loop integration, using in-situ GHCN (top panel), CMC (middle panel) and995
SNODAS (bottom panel) products as reference datasets. The warm and cool996
colors show locations of improvements and degradations from GRACE DA,997
respectively. The gray shading indicates locations where the RMSE differences998
are not statistically significant. 52999
9 RMSE differences (in W/m2) of ET from DA-TWS relative to the open loop1000
integration, using four reference datasets (ALEXI, gridded FLUXNET, UW1001
and MOD16). The warm colors represent the decreases in RMSE and cool1002
colors represent increases in RMSE due to GRACE DA. 531003
10 A comparison of TWS DA integrations that use no scaling factors and uni-1004
form measurement errors (DA3), that uses scaling factors with uniform mea-1005
surement errors (DA2) and that uses scaling factors and spatially distributed1006
measurement errors (DA1). Panel (a) shows the time series of domain aver-1007
aged monthly TWS. Panels (b) and (c) show the anomaly R differences of root1008
zone soil moisture from DA1 and DA2 relative to DA3, respectively. Panels1009
(d) and (e) show the anomaly R differences of groundwater, from DA1 and1010
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11 A comparison of TWS DA integrations that use gridded retrievals, scaling1013
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TWS. Panels (b) and (c) show the anomaly R differences of root zone soil mois-1016
ture from DA1 relative to DA1b, respectively. Panels (d) show the NICNSE1017
of streamflow estimates from DA1 , respectively, compared to DA1b. 551018
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Fig. 1. Schematic of the sequence of the forecast and update steps of the Ensemble Smoother
algorithm used for GRACE DA. During the forecast step, the observation operator stores
the TWS values at the 5th, 15th and 25th days of a month, for computing the analysis
increments. During the analysis step, the ensemble is reinitialized to the beginning of the
month and the DA increments are applied smoothly over each day.
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Fig. 2. Map of total measurement errors (in mm) of GRACE TWS estimates
46
Te
rre
str
ial
 W
ate
r S
tor
ag
e (
mm
)
Northeast
Southeast
Midwest
Great Plains
Northwest
Southwest
 900
 950
 1000
 1050
 1100
2003/01 2004/01 2005/01 2006/01 2007/01 2008/01 2009/01 2010/01 2011/01 2012/01 2013/01
OL
DA-TWS
GRACE
 700
 750
 800
 850
2003/01 2004/01 2005/01 2006/01 2007/01 2008/01 2009/01 2010/01 2011/01 2012/01 2013/01
OL
DA-TWS
GRACE
 850
 900
 950
 1000
 1050
 1100
 1150
 1200
 1250
2003/01 2004/01 2005/01 2006/01 2007/01 2008/01 2009/01 2010/01 2011/01 2012/01 2013/01
OL
DA-TWS
GRACE
 900
 950
 1000
 1050
 1100
 1150
 1200
 1250
 1300
2003/01 2004/01 2005/01 2006/01 2007/01 2008/01 2009/01 2010/01 2011/01 2012/01 2013/01
OL
DA-TWS
GRACE
 800
 900
 1000
 1100
 1200
 1300
2003/01 2004/01 2005/01 2006/01 2007/01 2008/01 2009/01 2010/01 2011/01 2012/01 2013/01
OL
DA-TWS
GRACE
 900
 1000
 1100
 1200
 1300
 1400
2003/01 2004/01 2005/01 2006/01 2007/01 2008/01 2009/01 2010/01 2011/01 2012/01 2013/01
OL
DA-TWS
GRACE
Fig. 3. A time series comparison of TWS estimates from the open loop (OL), DA-TWS
and GRACE observations over six major regions of the continental U.S.
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Fig. 4. Anomaly R differences of groundwater fields from DA-TWS relative to the OL inte-
gration. The warm colors indicate locations of improvement and cool colors indicate locations
of degradation. The gray shading indicates locations where the Anomaly R differences are
not statistically significant.
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(a) Surface soil moisture
(b) Root zone  soil moisture
Fig. 5. Anomaly R differences of surface soil moisture (top panel (a)) and root zone soil
moisture (bottom panel (b)) fields from DA-TWS relative to the OL integration. The warm
colors indicate locations of improvement and cool colors indicate locations of degradation.
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Fig. 6. The left column shows the streamflow NIC values for RMSE (top row), R (middle
row), and NSE (bottom row) from DA-TWS. The warm and cool colors represent areas of
improvements and degradations, respectively. The right column shows the distribution of
NIC values for each metric across the domain.
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Fig. 7. A comparison of the RMSE and R of of the streamflow estimates from the OL and
DA-TWS at major basin outlets listed in Table 2
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vs. GHCN
vs. SNODAS
vs. CMC
Fig. 8. RMSE differences (in mm) of snow depth from DA-TWS relative to the open loop
integration, using in-situ GHCN (top panel), CMC (middle panel) and SNODAS (bottom
panel) products as reference datasets. The warm and cool colors show locations of im-
provements and degradations from GRACE DA, respectively. The gray shading indicates
locations where the RMSE differences are not statistically significant.
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vs. UW
vs. ALEXI vs. FLUXNET
vs. MOD16
Fig. 9. RMSE differences (in W/m2) of ET from DA-TWS relative to the open loop inte-
gration, using four reference datasets (ALEXI, gridded FLUXNET, UW and MOD16). The
warm colors represent the decreases in RMSE and cool colors represent increases in RMSE
due to GRACE DA.
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Fig. 10. A comparison of TWS DA integrations that use no scaling factors and uniform
measurement errors (DA3), that uses scaling factors with uniform measurement errors (DA2)
and that uses scaling factors and spatially distributed measurement errors (DA1). Panel (a)
shows the time series of domain averaged monthly TWS. Panels (b) and (c) show the anomaly
R differences of root zone soil moisture from DA1 and DA2 relative to DA3, respectively.
Panels (d) and (e) show the anomaly R differences of groundwater, from DA1 and DA2,
respectively, relative to DA3. Panels (f) and (g) show the NICNSE of streamflow estimates
from DA1 and DA2 , respectively, compared to DA3.
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Fig. 11. A comparison of TWS DA integrations that use gridded retrievals, scaling factors
and spatially distributed measurement errors (DA1) and basin scale retrievals (DA1b). Panel
(a) shows the time series of domain averaged monthly TWS. Panels (b) and (c) show the
anomaly R differences of root zone soil moisture from DA1 relative to DA1b, respectively.
Panels (d) show the NICNSE of streamflow estimates from DA1 , respectively, compared to
DA1b.
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Fig. 12. Comparison of the drought percentile maps from open loop (middle column)
and DA-TWS (right column) integrations against the corresponding USDM estimate (first
column) for four representative cases.
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Fig. 13. Time series of the drought area percentage (based on TWS percentiles) from the
open loop (OL), GRACE DA (DA-TWS) integrations for the South region of the U.S. for a
time period of 2000-2012. The definition of the South region used in the USDM is shown as
an inset in the D4 panel.
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